This study uses a combination of field measurements and Natural Resource Conservation 10 Service (NRCS) operational snow data to understand the drivers of snow density and snow 11 water equivalent (SWE) variability at the basin scale (100s to 1000s km 2 ). Historic snow 12 course snowpack density observations were analyzed within a multiple linear regression snow 13 density model to estimate SWE directly from snow depth measurements. Snow surveys were 14 completed on or about 01 April 2011 and 2012 and combined with NRCS operational 15 measurements to investigate the spatial variability of SWE near peak snow accumulation. 16
Introduction 4
A majority of earth's moving freshwater originates in snow dominated mountainous areas 5 (Viviroli et al., 2003) , with 60 to 75 percent of annual streamflow in the Rocky Mountain 6 region of the western United States originating from snowmelt (Doesken and Judson, 1996) . 7
A comprehensive understanding of the distribution of the seasonal mountain snowpack and 8 estimation of its snow water equivalent (SWE) is essential to improve hydrologic models used 9 for forecasting water availability. Additionally, the recent shift towards earlier snowmelt in 10 regions of the western U.S. (e.g. Stewart, 2009; Clow, 2010 ) necessitates a more accurate 11 accounting for future water resources planning. Mountainous landscapes have complex 12 topography as well as strong and highly variable climatic gradients yielding spatial and 13 temporal (seasonal and interannual) variability in snowpack properties. Determining the 14 meteorology and related feedbacks that drive hydrologic processes in these areas is 15 challenging as the resolution of available SWE measurements is often much larger than the 16 scale needed to characterize the correlation length of its spatial variability (Blöschl, 1999) , 17 requiring spatial scaling (Bales et al., 2006) . 18 Across the western U.S., the Natural Resource Conservation Service (NRCS) SNOwpack 19 TELemetry (SNOTEL) and snow course network provide operational snowpack 20 measurements of snow depth and SWE and thus calculated average density at a daily and 21 monthly time step, respectively. Hourly SNOTEL data are also available. NRCS operational 22 stations were established to measure the snowpack for water supply forecasts, yet, they have 23 been shown to represent SWE only as a point location rather than surrounding area (Molotch 24 and Bales, 2005) . Nonetheless, SNOTEL and snow course sites are the most widely available 25 and utilized ground based measurements of SWE and relied upon heavily for estimating basin 26 scale snow distribution. 27 Research on the spatial distribution of snow has emphasized the statistical relation between 28 snow properties and terrain characteristics, the latter as a surrogate for the driving 29 meteorology. These studies have used SNOTEL data to interpolate SWE over large basins 30 (e.g. Fassnacht et al., 2003) , as well as manual field snowpack measurements over small 31 catchments (e.g. Elder et al., 1991) . However, few studies have analysed snow's spatial 32 variability at the basin scale using both operational and field-based measurements. 1
Operational measurements can provide regional knowledge on the spatial distribution of snow 2 (e.g. Fassnacht et al., 2003 ), yet cannot accurately characterize the spatial variability of the 3 snowpack at the basin scale (Bales et al., 2006) . It has been recommended that future 4 research should focus on more accurate estimation of SWE at the basin (100s to 1000s km 2 ) 5 and regional (10,000s to 100,000s km 2 ) scale to effectively assess and manage mountain 6 water resources (Viviroli et al., 2011) . There is need to supplement operational data with 7 additional field-based snowpack measurements at this scale of interest to evaluate the spatial 8 variability of SWE and provide additional ground truth measurements within the scale extent 9 of remote sensing observations. At the basin scale, an approach to reducing the sampling 10 effort needed for more measurements is to use snow depth as a surrogate for SWE by 11 developing a model for snow density, as manual snow density measurements require more 12 time and effort than snow depth measurements. Recent studies have attempted to characterize 13 the spatiotemporal characteristics of snow density (e.g. Mizukami and Perica, 2008 ; Fassnacht 14 et al., 2010), or to develop reliable methods for modeling snow density and thus estimating 15 SWE from snow depth measurements (e.g. Jonas et al., 2009 , Sturm et al., 2010 . 16 The objectives of this research were: (1) to evaluate basin scale snow density variability from 17 historic snow course measurements and develop a snow density model specific to our study 18 area that can be used to estimate SWE from snow depth measurements; this is a different 19 domain and scale than used in previous studies, and (2) to combine operational SNOTEL and 20 snow course measurements, as suggested by Dressler et al. (2006) , with supporting field-21 based snowpack measurements to evaluate what is driving variability of the snowpack at the 22 basin scale. 23 
24

Study area and datasets 25
This study was conducted in the Cache la Poudre basin located in the Front Range of northern 26
Colorado and a small portion of southeastern Wyoming (Fig. 1) . We focus on the portion of 27 this basin that shows persistent snow cover near peak snow accumulation; this region is 28 responsible for the majority of hydrologic input to the river system. To define this area, we 29 use the Snow Cover Index (SCI) at 50% (Richer et al., 2013) , which represents the area that 30 was snow covered at least 50% of the time from 2000 -2010 during early April. The (Fig. 1) . A total of 28 field sampling locations were monitored on 3 and about 01 April 2011 and 104 field sampling locations on and about 01 April 2012. The 4 location of snow survey transects were selected based on accessibility as well as 5 representation of snow producing regions within the study area. The high elevation areas 6 located around the Colorado State University Pingree Park Campus, Cameron Pass, and 7
Deadman Hill were the focus within the Cache la Poudre basin (Fig. 1) . 8
The 2011 field-based snow survey was completed over the span of three days (31 March 9 through 02 April 2011), while the 2012 survey was completed over four days (29 March 10 through 01 April 2012). Small amounts of precipitation was recorded at SNOTEL stations 11 within the study area during the 2011 and 2012 survey time period, however the majority of 12 change to the snowpack during these periods were due to melt, compaction, and/or 13 metamorphism. Changes in snow depth were accounted for using daily SNOTEL snow depth 14 measurements to standardize the field-based snow depth measurements to a single date for 15 each survey. The average change in snow depth among SNOTEL stations was added to our 16 field-based snow depth measurements outside of the standardized date to adjust for the 17 change in snow depth over that period. Snow depth measurements from the 2011 survey were 18 standardized to 02 April, while 2012 measurements were standardized to 31 March. variability of snow density is largely dictated by time of year, while inter-annual variability 25 observed at operational sites is typically low (Mizukami and Perica, 2008 limits the ability of these data to represent the variability explained by those variables. Since 5 the range of variability of snow density is more conservative than snow depth and SWE (e.g. 6 Logan, 1973; Fassnacht et al., 2010), estimating density from depth has been shown to 7 provide a reasonable pathway for estimating SWE from a snow depth measurement. (Berk, 1978) , which assesses a criterion statistic for every possible combination of 32 (Mallows, 1973) , which assesses the fit of a regression 1 model and increases a penalty term as the number of predictor variables increases, was used 2 as a criterion for the all-subsets regression. Additionally, a criterion was set so that all 3 predictor variables included were required to be statistically significant within the model (p < 4 0.05). Candidate models that showed the best Mallows' C p values were then evaluated using 5 the Akaike information criterion (AIC) statistic (Akaike, 1974) , which is also a measure of the 6 relative goodness of fit of the statistical model that introduces a penalty for increasing the 7 number of model parameters. The variance inflation factor (VIF) was used to quantify the 8 severity of multicollinearity between independent variables. A VIF score greater than 4 may 9 suggest multicollinearity between variables (Kutner et al., 2005) . Model diagnostics were 10 evaluated using residual plots to check the model assumptions of normality, linearity, and 11 homoscedasticity and were used to determine if variable transformations were necessary. 12 Maximum upwind slope (Winstral et al., 2002 ) is a terrain-based variable that has been shown 1 to account for redistribution of snow by wind, which is especially important in alpine areas. 2 However, this variable requires the knowledge of predominant wind direction to account for 3 upwind terrain features, which is not measured across a basin scale, requiring a modeling 4 approach (e.g. Liston and Sturm 1998), thus it was not used in this study. 5
Canopy cover is a categorical measurement that was made in the field during manual snow 6 surveys. The presence of any canopy above the sampling location was assigned a value of 7 one, while sampling locations with no canopy or open was assigned a zero. We expect 8 canopy cover to show a negative correlation with SWE. Canopy density can influence how 9 snow is distributed across space as it is directly related to the amount of snow that is 10 intercepted in the tree canopy. Snow sublimation from snow intercepted within the forest 11 canopy is a major component of the overall water balance (Pomeroy and Gray, 1995; Montesi 12 et al. 2004) . 
Snow density model 29
The pairwise relations between snow depth, snow density, and SWE from the historic snow 30 course records are presented in Fig. 3 . A strong correlation exists between snow depth and 31 SWE, which is best fit as a power function (Fig. 3a) . There is considerable scatter about the 1 linear fit for snow density versus snow depth (Fig. 3b) , which suggests that additional 2 variables should be included to describe the variability of snow density. Snowpack relations 3
shown here are similar to those found in previous studies (e.g. Jonas respectively) compared to snow density (0.23). Snow density is most highly correlated with 8
Julian day, and also shows a positive correlation with snow depth and elevation and negative 9 correlation with UTM Easting (Table 1 The calibrated model underestimated more dense snowpacks and overestimated less dense 24 snowpacks, while calculated SWE showed generally unbiased residuals that tended to slightly 25 increase with increasing observed SWE (Fig. 4) . Performance statistics calculated from the 26 residuals of calibration with the original dataset showed that predicted snow density explained 27 51% of the total variance in the data with a RMSE of 45.4 kg m -3 , yet, calculated SWE was 28 able to explain 94% of the variance in the data and had a RMSE of 44.2 mm (Table 1) . 29 Various methods of model evaluation were performed to test the utility of the regression 30 model, including 10-fold cross validation, that all showed similar trends (Fig. 4) (Fig. 1) . The mean SWE and snow depth from WY 2011 were greater than WY 9
2012, yet the mean snow density and standard deviation of snow density was shown to be 10 consistent among both years ( Table 2 ). The WY 2011 was the maximum snow year on record 11 within the study area, while WY 2012 was one of the lowest snow years on record (Fig. 2) ; 12 thus WY 2011 snowpack measurements were shown to have a higher mean SWE and snow 13 depth, but also had a greater range of variability than that of WY 2012 (Table 2) . From the 14 average SWE among SNOTEL stations within the study area, the April 1st snow survey 15 occurred before peak SWE in 2011, however, occurred slightly after peak SWE before tended to be smaller than the field-based station ranges (Fig. 5) , which also suggests, the 31 combination of operational and field-based measurements are more representative of the basin 32 WY's sampling locations was completed. The K-S test shows that during both years the 4 difference between the two samples for curvature, eastness, and canopy density is not 5 significant enough (95% significant level) to say they have a different distribution. However, 6 a significant difference between the distributions of elevation, slope, northness, and solar 7 radiation was observed for both years. The difference in elevation is obvious since field data 8 are located more at higher elevations than the entire domain (Fig. 5a) , and the operational data 9 tend to be located in a small elevation zone (Fassnacht et al., 2012) . Northness is highly 10 correlated to solar radiation, and both are related to slope so the significance difference for 11 each of these variables is partly based on their correlation. For avalanche safety purposes, 12 manual measurements are usually on slopes less than 35 degrees, so steeper slopes can be 13 underrepresented. 14 Snowpack variables were shown to have a strong correlation with each other, with SWE and 15 snow depth showing the strongest relation (consistent with the historic snow course dataset), 16 while also showing to be highly correlated with elevation (Table 3) therefore additional basin scale data are needed to evaluate snow distributions in relation to 27 UTM Northing, however, historic trends observed from the SNOTEL data suggest that lower 28 snow amounts in the northern parts of the study area (similar to WY2011) may be more 29 common (Fig. 2) . A greater accumulation of snow in southern regions of the study area could 30 be related to an upwind elevation gradient, with high peaks of Rocky Mountain National Park 31 located in the southern portion of the study area, or due to the possibility of a dominant storm 32 track that preferentially precipitates in southern regions before moving northward. SWE also 33 
37
Deleted: The apparent decreased with increasing UTM Easting, which corresponds with both the effect of 1 orographic precipitation within the study area (the continental divide is located on the western 2 border of the study area), and also lower elevation regions receiving less snow than higher 3 elevation regions. The other physiographic variables that are known to influence snow 4 accumulation (e.g. forest cover, aspect, and slope) did not exhibit a strong bivariate 5 correlations with SWE; however, they may still be important in explaining variability of the 6 datasets once the trends of elevation and UTM coordinates have been removed. The partial 7 correlations between SWE and terrain/canopy variables (when the correlation effect of 8 elevation, UTM Easting, and UTM Northing has been removed), shows that curvature 9 becomes a more important variable when the other trends are removed (Table 4) . (Fig. 6 ). The final independent variables used within each model, beta 13 coefficient values, and a summary of model performance statistics is provided in Table 5 and 14 shows that the model O+F11 has a lower standardized typical magnitude of error (standardized 29 RMSE) than model O+F12 , and describes more of the variance in the data (R 2 ) ( Table 5) . 30
Similarly, model O11 has a lower standardized RMSE and greater R 2 value than model O12 , but 31 the difference between these two models is less ( The reduced model included UTM Northing, elevation, and curvature 30 as independent 9 variables and explained 70% of the total variance with a standardized RMSE of 30% (Fig. 6) . 10
The reduced model shows more favourable results than the full model (model O+F12 ), 11
suggesting that fewer data points may be the reason for the stronger performance of the WY 12 2011 models. However, the reduced model also explained less of the variance in the data than 13 model O+F11 , which suggests that the superior performance of the 2011 models could be due to 14 the greater range of observed variability in the data. interest. This method is especially useful for field-based snow surveys at the basin scale, in 3 which many snowpack measurements are required, and the assumption of a constant snow 4 density across the study area is not valid (Lopéz-Moreno et al., 2012) . 5
The snow density model is simple to develop and implement and an effective tool for 6 obtaining estimates of SWE from snow depth measurements across basin scale domains. The 7 model is however constricted to its spatial domain, range of physiographic inputs, as well as 8 temporal coverage, thus, may not be applicable to areas outside of the study area, for 9 elevations that are lower than 2408 m or higher than 3261 m, or for snow depths shallower 10 than 0.20 m or deeper than 2.52 m. 11
Given that our snow density model was calibrated specifically for the Cache la Poudre basin, 12 it is useful to compare its performance to similar snow density models that have been 13 developed from historic data for different domains. and SWE by 22% and 17%, respectively. Also, our model showed an improvement of field 1 validation RMSE by 9% for snow density and 7% for SWE. This shows that calibrating a 2 snow density model to a specific basin of interest can improve estimates of SWE from snow 3 depth from models developed from larger domains and should be considered for future basin 4 scale assessments of SWE. The spatial dataset of field-based snowpack measurements in this study is at a scale similar to 5 remote sensing observations and modeling applications; these data and the approaches of 6 empirical modeling (e.g. multiple linear regression) for characterizing the distribution of SWE 7 at the basin scale can be used in those contexts for validation. For instance, the observed 8 patterns of SWE variability within this study, showing to be largely driven by elevation and 9 geographic location, could be compared to the patterns of variability observed within a 10 physically based snow evolution model. The comparisons of the statistical relation of the 11 snowpack with terrain based variables and physically based snow evolution modeling can 12 provide insight for basin scale SWE distribution estimations. 13
There are limitations to this study that must be acknowledged presented in previous studies (Elder et al. 1995) , however, we do believe that multiple linear 24 regression was appropriate given the goals of our study. We would have ideally used binary 25 regression trees (e.g. Elder et al. 1998 ) to develop the SWE models, but these decision tree 26 models require larger datasets than available in this study to provide meaningful results. 27
Given the main goal of the SWE models was use as a tool to evaluate the importance of 28 individual variables rather than use strictly within a predictive framework, the multiple linear 29 regression models provide simplicity of the interpretation of model coefficients. should take strong consideration of the best sampling strategy suited for the challenges of 13 covering the basin scale. 14 15
Conclusions 16
We have used a combination of operational and field-based snow measurements to evaluate 17 snowpack properties across the basin scale. This research was motivated by the need for 18 additional ground truth snowpack observations at a scale that coincides with that of remote 19 sensing observations and is especially pertinent to water resources forecasting. 20
A method for modeling snow density across the Cache la Poudre basin from historical snow 21 course measurements was employed for estimating SWE from snow depth. The independent 22 variables of snow depth, day of year, elevation, and UTM Easting were used in a multiple 23 linear regression model to estimate snow density. Statistics showed strong performance of 24 SWE calculated from snow depth observations using the snow density model, and model 25 validation suggests the model is transferable to independent data within the bounds of the 26 original dataset. The methods here provide a pathway for estimating SWE from snow depth 27 measurements, which is especially useful when evaluating snowpack properties at the basin 28 scale, where time consuming field-based measurements of SWE are often not feasible. 29
The spatial variability of SWE within the Cache la Poudre basin was analysed using 30 operational and field-based snowpack measurements. Bivariate and partial correlations of 31 SWE with terrain and canopy variables show that elevation, UTM Easting, UTM Northing, 32 Canopy cover -------0.14 ------ 
